In a recent paper, Chang, Gomes, and Schorfheide (2002) extend the standard real business cycle (RBC) model to allow for a learning-by-doing (LBD) mechanism whereby current labour supply affects future productivity. They show that this feature magnifies the propagation of shocks and improves the matching performance of the standard RBC model. In this paper, the authors show that the LBD model is nearly observationally equivalent to an RBC model with habit formation in labour (or, equivalently, in leisure). Under the same calibration of the parameters, the two models share the same equilibrium paths of output, consumption, and investment, but have different implications for hours worked. Using Bayesian techniques, the authors investigate which of the LBD and habit models fits the U.S. data best. Their results suggest that the habit specification is more strongly supported by the data.
Introduction
Owing to their elegance and parsimony, real business cycle (RBC) models have always been popular in macroeconomics. However, as emphasized by Rouwenhorst (1991) and Cogley and Nason (1995) , among others, the standard RBC model is hampered by the weakness of its internal propagation mechanism. This deficiency manifests itself in several ways. In particular, the standard RBC model fails to generate a persistent and hump-shaped response of output to a transitory shock, as is typically found in the empirical literature (see, for example, Blanchard and Quah 1989) . It also fails to replicate the autocorrelation function of output growth: while the data show that output growth is positively autocorrelated over short horizons, the autocorrelations predicted by the standard RBC model are essentially zero over all horizons. 1
During the past decade, several studies have attempted to improve the matching performance of the standard RBC model by extending it along various dimensions. Extensions made by earlier papers include labour-adjustment costs (Cogley and Nason 1995) , factor hoarding (Burnside and Eichenbaum 1996) , labour-market search and matching (Andolfatto 1996 and den Haan, Ramey, and Watson 2000) and the combination of habit formation in leisure and increasing returns to scale (Wen 1998) . These mechanisms magnify the propagation of shocks in the economy, thus enabling the model to replicate the dynamic pattern of output and other salient features of the business cycle.
More recently, Chang, Gomes, and Schorfheide (2002, hereafter CGS) have extended the standard RBC model to allow for a learning-by-doing (LBD) mechanism whereby hours worked in a given period increase workers' skill, which in turn increases their labour productivity in subsequent periods. 2 CGS demonstrate that this mechanism improves the ability of the standard RBC model to generate empirically plausible output fluctuations. This suggests that the LBD-augmented model embodies a quantitatively important propagation mechanism.
In this paper, we show that the LBD model developed by CGS is nearly observationally equiva-1 More generally, the spectral density function of output growth generated by the standard RBC model is flat. The actual spectral density, in contrast, exhibits spectral peaks over business cycle frequencies.
2 Cooper and Johri (2002) introduce an alternative version of LBD, in which the production technology depends on the stock of organizational capital, which is accumulated through past production activities.
lent to an RBC model with habit formation in labour (or, equivalently, in leisure) , henceforth called the habit model. Under a coefficient restriction, the LBD and habit models share the same equilibrium paths of output, consumption, and investment, but differ in implications regarding hours worked. Thus, data on output, consumption, and investment provide no useful information in distinguishing between the two models. Only when a measure of hours worked (or labour productivity) is included in the information set of an econometrician are the two models distinguishable.
Habit formation in labour implies that current utility depends on current labour supply relative to a reference level determined by past hours worked. This specification implies that habit-forming agents dislike large swings in their hours of work (or leisure time), and are more willing to smooth the path of their labour supply than agents with time-separable preferences. As a result, habit formation in labour will typically lead to a sluggish adjustment of hours worked in response to shocks. Although both learning-by-doing and habit formation make the optimal choice of labour supply non-time-separable, the two mechanisms are distinctly different in nature. Learning-bydoing is akin to a production externality that is internalized by workers. It implies that past hours of work affect both labour demand and labour supply. Habit formation, on the other hand, is a preference feature that affects only the labour supply schedule.
The purpose of this paper, therefore, is to determine which of the LBD and habit models is best supported by the data. Addressing this question is important because, as stated above, the two specifications have different implications for the dynamics of hours worked in the economy. But, more importantly, our results will provide some insights into the fundamental question of whether preferences are important in explaining business cycle fluctuations.
We start by showing that, under the same calibration of the structural parameters, the habit model generates hump-shaped responses of hours worked to permanent and transitory shocks, while the LBD model fails to do so. This suggests that habit formation is a stronger propagation mechanism than learning-by-doing, because it leads to richer dynamics in the labour market. To assess the empirical plausibility of the habit model and whether it fits the data better than the LBD model, we estimate both models using U.S. data on output growth and hours worked, and perform formal statistical comparisons. As in CGS, our econometric analysis is based on Bayesian techniques. Our results indicate that, in almost every dimension (overall statistical fit, impulseresponse functions, and autocorrelations), the habit model explains the data better than does the LBD model. The rest of this paper is organized as follows. In section 2, we show the near-observational equivalence between the LBD and habit models. In section 3, we use impulse-response analysis to compare the theoretical predictions of habit formation and learning-by-doing. Section 4 describes the econometric methodology and discusses the results. Section 5 performs a robustness analysis. Section 6 concludes.
Learning-by-Doing and Habit Formation: Near-Observational Equivalence
CGS extend the standard one-sector RBC model to allow for an LBD mechanism associated with labour effort. In their model, households internalize the LBD process when choosing their labour supply. Under this assumption, the decentralized equilibrium is equivalent to the command optimum. Hence, without loss of generality, we rewrite the decentralized-economy model of CGS as one in which a benevolent central planner solves the following problem:
subject to
and the initial conditions K t ≥ 0, X t > 0, A t−1 > 0, and B t−1 > 0. First-order necessary conditions for the planner's problem are:
Equations (8) and (9) are, respectively, the standard Euler equation for consumption and the equilibrium condition for hours worked. Unlike the RBC model, where the (static) first-order condition for the optimal choice of hours equates the marginal disutility of work to the marginal utility of consuming the share of output accruing to labour in a given period, the corresponding condition in the LBD model (i.e., equation (9) (9) states that, for the path of hours worked to be optimal, the current and future (expected) marginal costs and benefits of working an additional unit of time in period t must be equal. Note that it is the dependence of the skill level on past hours of work that makes the first-order condition (9) In what follows, we show that under the coefficient restriction 0 ≤ φ − µ < 1, the LBD model,
(1)- (7), can be rewritten as an RBC model with (internal) habit formation in labour. Indeed, by
and the initial conditions
In this model, current utility depends not only on current hours worked, now denoted by N t , but also on a habit stock, X t , determined by past hours worked (or, equivalently, by past leisure). 4
Specifically, the habit stock evolves according to the equation of motion (14), where φ − µ measures the persistence of habits. When φ = µ, only hours worked in the previous period affect the habit stock, whereas with φ > µ, the latter is a moving average of hours worked in the past. Notice that past hours of work increase current utility, and only hours worked over and above the habit stock effectively decrease utility. That is, past and current labour supplies are complements. This specification implies that habit-forming agents dislike large swings in their hours worked, and are more willing to smooth the path of their labour supply than agents with time-separable preferences.
As a result, habits in labour will typically lead to a sluggish adjustment of labour in response to shocks. Thus, habit formation constitutes an alternative propagation mechanism that is different in nature from the LBD mechanism.
To see this, note that the first-order condition for the optimal choice of hours in the habit model
This condition equates the marginal disutility of work to the marginal utility of consuming the labour share of national income. Since past hours worked affect current utility through the habit stock, the marginal disutility of labour is no longer static, as it is in the RBC model. Unlike the corresponding equation in the LBD model, which involves only current and expected future hours of work, equation (17) depends in addition on past hours worked. Hence, the equilibrium path of hours worked will be different across the LBD and habit models. But, more importantly, equation (17) shows that the habit specification leads to richer labour dynamics and is likely to generate more persistence.
It is straightforward to show that, for given values of the structural parameters, the LBD and habit models imply the same equilibrium paths of output, consumption, capital, and investment.
As discussed above, however, the equilibrium path of hours will be different across the two models.
This implies that stochastic variations in output, consumption, or investment provide no useful information in distinguishing between the two models. From the viewpoint of classical statistics, the two models are observationally equivalent with respect to these variables. That is, they yield the same likelihood when evaluated using output, consumption, or investment data. Only when a measure of hours worked (or labour productivity) is included in the information set of an econometrician are the two models distinguishable.
Counterfactual Experiments
To gain some insights into how the behaviour of hours worked differs across the habit and LBD models, it is useful to compare the impulse-response functions generated by the two models under the same calibration of the structural parameters. As CGS show, a model augmented with LBD captures output dynamics significantly better than does the standard RBC model. The LBD mechanism, however, only marginally improves the performance of the standard RBC model in matching the dynamic pattern of hours worked. In particular, the LBD model fails to replicate the hump-shaped response of hours worked to a transitory or a permanent shock, as is typically found in the vector autoregression (VAR) literature. The purpose of this section is to investigate whether, for a given parameterization, the habit model improves upon the LBD model in replicating the actual responses of hours worked.
To generate impulse-response functions from the LBD and habit models, we calibrate the structural parameters according to the posterior means reported by CGS (Table 2 , p. 1507). We also compute the impulse-response functions implied by the standard RBC model (by setting φ = µ = 0), and by a benchmark bivariate VAR. 5 The permanent and the transitory shocks in the VAR are identified using the method developed by Blanchard and Quah (1989) .
The top panels of Figure 1 depict the impulse responses of output and hours worked to a onestandard-deviation transitory (preference) shock. The figure shows that a positive preference shock (a decrease in B t ) triggers an increase in hours worked. Intuitively, a decrease in B t lowers the weight of leisure in the utility function, thus inducing the representative household to work more, ceteris paribus. Because capital is predetermined, the rise in hours worked translates into a rise in output on impact. Unlike the standard RBC model, where output rises initially but decays monotonically in subsequent periods, the LBD and habit models generate a hump-shaped output response similar to that obtained from the VAR. 6 As discussed above, however, the LBD model,
5 As in CGS, we use a fourth-order VAR with "Minnesota prior" as a benchmark. 6 The LBD and habit models generate identical output responses when they are similarly calibrated because they as well as the standard RBC model, fails to reproduce the hump-shaped response of hours worked predicted by the VAR. In contrast, the habit model is capable of generating an empirically plausible response that exhibits a hump-shaped pattern.
The bottom panels of Figure 1 show the impulse responses to a one-standard-deviation permanent shock. Unlike the VAR-based response, whereby output "overshoots," rising more in the short run than in the long run, the standard RBC, LBD, and habit models predict that output converges monotonically to its new steady-state level. The three models, however, diverge regarding the response of hours worked: while the standard RBC and LBD models generate a monotonic response, the habit model predicts a hump-shaped response that better matches the VAR impulse-response function.
These results raise the obvious question: Why, for given values of the parameters, does the habit model generate hump-shaped responses of hours worked, and the LBD model fail to do so? To answer this question, it is useful to remember that hours of work in the habit and LBD models are related through the identity N t = X t H t . When a shock hits the economy, H t and N t increase by the same amount on impact. The variable X t , on the other hand, is predetermined and therefore remains unaffected. In the next period, however, X t increases by µ times the initial rise in H t (or N t ). Thus, the response of N t in the period following the shock will be higher than the corresponding response of H t . With the specific calibration of the parameters φ and µ used in this exercise, H t decreases monotonically in subsequent periods. But, for a few periods following the shock, the decay in H t is actually slower than the rise in X t , which leads to a hump-shaped response of N t .
An intuitive explanation of why habit formation generates more persistence in hours worked than learning-by-doing is as follows: Consider a transitory shock that hits the economy at time t and causes hours to increase in current and subsequent periods before returning to their steadystate level. In the LBD model, such a shock has two conflicting effects on hours worked in period t + 1. The first is a substitution effect that causes hours to increase (and leisure to decrease) to benefit from the favourable shock. The second is a wealth effect that arises from the higher labour are observationally equivalent in this case.
productivity induced by the higher skill level resulting from the increase in hours worked in period t. This effect tends to decrease hours in period t + 1. In the habit model, on the other hand, the shock increases hours worked in period t and thus the stock of habit in period t + 1. Since habit formation implies that past and current labour supplies are complements, hours worked in period t + 1 will increase more than in the RBC or LBD model. In addition, this substitution effect is not partially offset by any wealth effect, as it is in the LBD model. 7
Because the above analysis is based on a counterfactual calibration of the habit model, one cannot conclude that the latter fits the data better than the LBD model. It does, nonetheless, suggest that habit formation is a stronger propagation mechanism than learning-by-doing. To assess the empirical plausibility of the habit model and whether it is more strongly supported by the data than the LBD model, we estimate both models using the same data and perform formal statistical comparisons.
Econometric Analysis
In this section, we estimate and statistically evaluate the habit and LBD models following the approach described in CGS. CGS estimate their LBD model using U.S. data on output growth and hours worked. To obtain priors for the parameters φ and µ, they resort to evidence from micro-level panel data. More specifically, they use Panel Study of Income Dynamics (PSID) data to estimate a wage equation in which the current wage depends on the market wage rate for the efficiency unit of labour, past hours of work, and other control variables, such as age and schooling. For the remaining parameters, the priors reflect standard values used in the RBC literature. To make our results comparable with those reported by CGS, we estimate the LBD and habit models using the same data and prior distributions, which we summarize in Table 1 . 9 Table 2 reports the posterior means and standard deviations of the structural parameters for the LBD and habit models. Posterior estimates are very similar across the two models. The only exception is the autocorrelation of the preference shock, which is found to be slightly higher under the LBD specification. This could be viewed as an additional indication that habit formation is a stronger propagation mechanism than learning-by-doing, since the habit model requires lesspersistent exogenous shocks to fit the data.
In what follows, we formally assess the ability of the LBD and habit models to explain the data.
As in CGS, we use a bivariate VAR as a reference model, which is denoted by M 0 with parameters θ 0 . We start by evaluating the overall statistical fit of each model. If the fit of the LBD and habit models is poor (due to a potential misspecification), the VAR can be used as a benchmark to derive posterior estimates of the moments that we are interested in. The predicted moments obtained from the two competing models can then be compared with their VAR-based counterparts.
Overall statistical fit
We evaluate the overall statistical fit of model M i by computing its posterior model probability π i,T given by
, and VAR models. The marginal data densities of the LBD and habit models are computed using Geweke's (1999) modified harmonic-mean estimator, whereas the marginal data density of the VAR is computed by Monte Carlo approximation of one-step-ahead predictive densities (see CGS for details). Table 3 shows that the marginal data density of the habit model is higher than that of the LBD model. In computing the posterior model probabilities, equal prior probabilities (of 1/3) were assigned to the LBD, habit, and VAR models. Posterior odds ratios indicate that the habit model is favoured by a factor of 45,510 to 1, suggesting strong evidence in favour of the habit specification. The fit of both models, however, is much worse than that of the VAR, as reflected by the posterior probability of the latter. Thus, as discussed above, the VAR will serve as a benchmark to which the predictions of the LBD and habit models will be compared. We focus on two sets of predicted moments: impulse-response functions and autocorrelations.
Impulse-response functions
The top panels of Figure Impulse responses to a permanent shock are shown in the bottom panels of Figure 2 . Both the LBD and habit models fail to explain the output overshooting observed in the VAR. The habit model, however, is more successful in matching the hump-shaped VAR response of hours worked.
In contrast, the LBD model yields a monotonic decay of hours worked.
This analysis clearly shows that the habit model is more successful in replicating the VAR impulse-response functions than the LBD model. To the extent that the VAR provides a reasonable characterization of the time-series properties of the data, our results suggest that the habit model fits the data better than the LBD model.
Autocorrelations
Another important dimension along which the standard RBC model fails to match the data is the autocorrelation of output growth. While this variable is found to be positively autocorrelated over short horizons in the data, Cogley and Nason (1995) show that the standard RBC model predicts zero autocorrelations at all horizons. CGS show that the LBD model improves upon the RBC model in generating positive serial correlations of output growth. This result is illustrated in the top panel of Table 4 , which shows the autocorrelations of output growth predicted by the LBD, habit, and VAR models up to 4 lags. Table 4 shows that the habit model is also capable of generating positive autocorrelations of output growth, though to a lesser extent than the LBD model.
A formal evaluation of the ability of the two models to match the autocorrelation function of the data is based on the posterior expected loss (risk). Let ϕ denote the population autocorrelations 
a loss function. Following CGS, our results are based on two loss functions, L q and L χ 2 . 10
Both measures of loss reported in Table 4 confirm that the LBD model does marginally better than the habit model in explaining output-growth autocorrelations.
The bottom panel of Table 4 reports the autocorrelations of hours worked predicted by the three models. A lag-by-lag comparison indicates that both the LBD and habit models are successful in 10 See Schorfheide (2000) for a detailed discussion of these loss functions and their interpretations.
replicating the sample autocorrelations, but the loss statistics suggest that the latter performs significantly better than the former.
Robustness Analysis
The results discussed in the previous section are conditional on using tight priors for the parameters φ and µ. As stated earlier, to obtain these priors, CGS estimate a micro-level wage equation that links the current wage rate to the market wage rate for the efficiency unit of labour, and to past hours of work. This equation is the micro counterpart of the wage equation in the LBD model, where the skill level raises the marginal product of labour and therefore the wage rate. More precisely, in the LBD model, a worker with skill X t earns a competitive wage rate of
where W * t is the market wage rate for the efficiency unit of labour. In the habit model, the habit stock, X t , does not affect directly the marginal product of labour (the wage rate). That is, the competitive wage rate is always equal to the market wage rate for the efficiency unit of labour. 11
For this reason, the priors obtained from the micro-level data, albeit sensible for the LBD model, might not be appropriate for the habit model. To address this issue, we repeat the analysis carried out in section 4 using non-informative priors for the parameters φ and µ. Under non-informative priors, the estimation procedure ignores the microeconomic evidence and consists in selecting the parameters φ and µ that maximize the likelihood function of the aggregate models. To obtain non-informative priors for φ and µ, we scale their covariance matrix by a factor of 10 6 . 12 Table 5 reports posterior estimates under the non-informative priors. The posterior means of φ and µ are now quite different across the LBD and habit models. In both cases, however, the estimate of φ is lower and that of µ is higher than what we obtain under the tight priors ( Table   2 ). The posterior odds ratio, reported in Table 6 , indicates that the habit model is favoured by a 11 This, of course, does not imply that past hours of work do not affect the competitive wage rate in equilibrium. It simply means that, for any strictly positive value of Xt, the competitive wage rate will be lower in the habit model than in the LBD model, ceteris paribus.
12 Alternatively, one could consider flat priors by assuming a uniform prior distribution. The parameter µ, however, is defined on the positive real axis, implying that the flat prior would be improper.
factor of 3.6 × 10 5 to 1 in this case. Thus, the overall statistical fit of the habit model is still much better than that of the LBD model under non-informative priors for the parameters φ and µ.
Impulse-response functions to a transitory shock, illustrated in the top panels of Figure 3 , show that the LBD model generates a small one-period hump in the response of hours worked. The habit model, on the other hand, produces a more pronounced hump that reaches its peak two periods after the shock, exactly as predicted by the VAR. In addition, the output response generated by the habit model tracks its VAR-based counterpart much more closely than that implied by the LBD model. In response to a permanent shock, the bottom panels of Figure 3 show that, under the non-informative priors, the habit model predicts that output overshoots, rising slightly more in the short run than in the long run, whereas the LBD model still implies a monotonic convergence of output towards its new steady-state level. The two models, however, fail to match the shape and the magnitude of the VAR response, and no clear conclusion can be drawn as to which model performs better in this dimension. The habit model does perform better in replicating the VAR impulse response of hours worked to a permanent shock. Interestingly, Figure 3 indicates that the matching performance of the habit model is better under non-informative priors for the parameters φ and µ than under tight priors. Thus, we can conclude that results based on impulse-response analysis are robust, and, if anything, better when we consider non-informative priors for the parameters φ and µ.
The final robustness check is related to the autocorrelation functions. The results reported in Table 7 indicate that the LBD and habit models are even more successful in replicating the autocorrelation functions of output and hours worked under the non-informative priors. In comparison to the case with tight priors, a similar conclusion is reached regarding the relative performance of the two models: the LBD model does marginally better in matching the autocorrelations of output growth, but the habit model performs significantly better in matching those of hours worked.
In summary, our result that the habit model fits the data better than the LBD model appears to be robust to the use of non-informative priors for the parameters φ and µ. 13 It should be emphasized, however, that all our findings are conditional on the information set used in the analysis. To identify 13 We reach the same conclusion when we use diffuse rather than non-informative priors for φ and µ. the LBD and habit models, we have used data on aggregate hours worked in the United States.
Alternatively, one could use aggregate data on wages to discriminate between the two models, since they have different implications for the equilibrium wage rate. We leave this for future research.
Conclusion
In an important paper, CGS augment the standard RBC model with a learning-by-doing mechanism and show that this feature provides an important propagation mechanism that can help the standard RBC model explain the persistence of aggregate U.S. output.
In this paper, we have shown that the LBD model is nearly observationally equivalent to an RBC model with habit formation in labour (or, equivalently, in leisure). Under a coefficient restriction, the LBD and habit models deliver identical predictions for output, consumption, and investment, and are therefore indistinguishable using data on these quantities. The two models differ in implications, however, regarding hours worked. We have exploited this difference to discriminate between the two models. Using Bayesian techniques, we have found that habit formation is a stronger propagation mechanism and that the habit model fits aggregate U.S. data better than the LBD model proposed by CGS.
These findings suggest that time non-separable preferences are important in accounting for business cycle fluctuations, and that more effort should be devoted to refining the modelling assumptions of consumers' behaviour. Beyond the specific issue addressed in this paper, our study draws attention to the fact that dynamic stochastic general-equilibrium models may not be identifiable, and that an econometrician may draw a mistaken inference about the theory underlying a given model if their information set does not allow them to discriminate between observationally equivalent models. In this regard, our paper is related to recent work by Beyer and Farmer (2004) , who discuss the lack of identification in a class of linear rational-expectation models, namely new-Keynesian monetary models. 
